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Abstract— An essential capability for a robot designed to
interact with humans is to show attention to the peoplein its
surroundings. To enable a robot to involve multiple persons
into interaction requires the maintenance of an accurate belief
about the people in the environment. In this paper, we use a
probabilistic technique to update the knowledge of the robot
basedon sensoryinput. In this way, the robot is able to reason
about the uncertainty in its belief about peoplein the vicinity and
is able to shift its attention betweendiffer ent persons.Even people
who are not the primary corversational partners are included
into the interaction. In practical experimentswith a humanoid
robot, we demonstrate the effectivenessof our approach.

I. INTRODUCTION

Our goal is to develop a humanoidrobot that performs
intuitive multi-modalinteractionwith multiple personssimul-
taneously One applicationin this contect is an interactive
museuntour-guide.Comparedo previous museuntour-guide
projects[6, 19, 22, 24], which focusedon the autonomyof
the robots and did not emphasizethe interaction part that
much, we want to build a robot that behaesand actslike a
human.Overthelastfew years humanoidrobotshave become
very popularas a researchool. One goal of building robots
with human-like bodiesandbehavior is that peoplecaneasily
understandheir gesturesandknow intuitively how to interact
with sucha system.

Much researchhas alreadybeenconductedin the areaof
non-verbal communicationbetweena robot and a human,
such as facial expression,eye-gaze,and gestures[2, 4, 5,
14, 23, 25]. Only little researcthasbeendonein the areaof
developing a robotic systemthat really behares as a corver
sational partnerand acts human-like when multiple persons
are involved. A prerequisitefor this task is that the robot
detectspeoplein its surroundingskeepstrack of them, and
rememberghemevenif they are currently outsideits limited
eld of view. In this paperwe preseni systemhatmakesuse
of visual perceptionand speechrecognitionto detect,track,
and involve peopleinto interaction.In contrastto previous
approachegl13, 16, 21], our goal is that the robot interacts
with multiple personsand doesnot focusits attentionon only
onesinglepersonlt shouldalsonot simply look to the person
who is currently speaking.

Dependingon the input of the audio-visualsensors,our
robot shifts its attention betweendifferent people. Further
more, we developed a stratgly that makes the robot look

Fig. 1. A corversationof our robot Alpha with two people.As canbe seen,
therobot shiftsits attentionfrom one personto the otherto include bothinto
the conversation.

at the personsto establishshort eye-contactand to signal
attentveness Eye movementsplay an importantrole during
a corversation(compareto Breazealet al. [3]). Vivid human-
like eye-movementsthat signal attentvenessto peoplemake
themfeel involved. Fig. 1 shavs our robot Alpha shifting its
attentionfrom one personto the otherduring a corversation.

To detectpeoplein the environmentof our robot, we use
the data delivered by a pair of cameras.To keep track of
peopleovertime, we maintaina probabilisticbelief andupdate
it basedon sensoryinput. First, we run a face detection
systemto nd facesin the current pair of images. Then,
we apply a mechanismto associatethe detectedfacesto
peoplealreadystoredin the belief andupdatethoseaccording
to the obsenations. Sincethe eld of view of the robot is
constrainedit movesthe cameragrom time to time to explore
the ervironmentandto getnew informationaboutpeople.Our
approachmaintainsa probabilistic belief aboutpeoplein the
surrounding®venif they arecurrentlynotin the eld of view
of the robot.

This paperis organizedasfollows. The next sectiongivesan
overview over relatedwork. Sectionlll presentghe hardware
of our robotandintroduceshe basicconceptsf our behavior
control architecture.In Section IV, we describehow we
detectand keeptrack of peopleusing vision information. In
SectionV, we presentour speechprocessingand dialogue
system.In SectionVI, we describeour stratgly on how to
determinethe gazedirection of the robot and how to decide
which persongetsthe attention.Finally, in SectionVIl, we
shav experimentalresults.



Il. RELATED WORK

Over the last few years, much researchhas been carried
out in the areaof multi-modal interaction.Lang et al. [13]
presentedh systemthat combinesseveral sourcesof informa-
tion (laser vision, andsounddata)to track people.Sincetheir
sensor eld of view is much larger than that of our robot,
they are not forced to make the robot execute obsenation
actions to get new information about surrounding people.
They apply an attention systemin which only the person
who is currently speakingis the personof interest.While the
robot is focusingon this person,it doesnot look to another
personto involve it into the corversation Only if the speaking
personstops talking for more than two seconds,the robot
will shav attentionto anotherperson.Okunoet al. [21] also
apply audio-visualtracking and follow the stratgyy to focus
the attentionon the personwho is speaking.They apply two
different modes.In the rst mode,the robot always turnsto
a new spealer and in the secondmode, the robot keepsits
attentionexclusively ononecorversationapartner The system
developedby Matsusakaet al. [16] is able to determinethe
onewho is beingaddressedo in the corversationIn contrast
to our applicationscenario(museumtour-guide),in which the
robotis assumedo bethe mainspealer or actively involvedin
a corversationjn their scenariothe robotactsasan obsenrer.
It looks at the personwho is speakingand decideswhen to
contritute to a corversationbetweentwo people.

The attentionsystempresentedy Breazealet al. [3] only
keepstrack of objectsthat arelocatedin the eld of view of
the camerasin contrastto this, we keeptrack of peopleover
time and maintaina probabilistic belief aboutdetectedfaces
evenif they are currently not obsenable. Many vision-based
approachesxist that aim to reliably track a target in real-
time[7, 8, 17, 28]. However, thosetechniquesocuson asingle
facethatis trackedanddo notintendto maintaina belief about
morethanonedetectedace.Lik e our approachthetechnique
presentedby Froba and Kiblbeck [9] analyzesthe whole
imageto nd all facesandusesa setof Kalman Iters to track
thefacesindependentlyThey apply a greedynearesneighbor
assignmento solve the dataassociatiomproblem.Furthermore,
their approactrequiresa sequencef K positive obsenations
to initialize a tracker. In contrastto this, our work applies
a probabilistic update techniqueto compute the existence
probability of a face directly from the beginning and does
not distinguishbetweenan initialization and a trackingphase.
Additionally, we usea differentdataassociatiortechnique.

I1l. THE DESIGN OF OUR ROBOT

The body (without the head)of our robot Alpha currently
has 21 degreesof freedom (six in eachleg, three in each
arm, andthreein the trunk; seeleft imageof Fig. 2). Its total
heightis about155cm. The skeletonof therobotis constructed
from carboncompositematerialsto achieve a low weight of
about30kg.

To performthe experimentgresentedn this paperwe used
only the headof our robot which is depictedin Fig. 2 (right
image). The headconsistsof 16 degreesof freedomthat are

Fig. 2. The left image shavs the body of our robot Alpha. The imageon
the right depictsthe headof Alphain a hapyy mood.

driven by seno motors. Three of these senos move two
camerasand allow a combined movementin the vertical
and an independentmovementin the horizontal direction.
Furthermorethree senos constitutethe neck joint and move
the entire head, six senos animatethe mouth and four the
eyebrows.

Using such a design, we can control the neck and the
camerasto perform rapid saccadeswhich are quick jumps,
or slow, smoothpursuitmovements(to keepeye-contactwith
a user). Furthermore,we take into accountthe estimated
distanceto a target to compute eye vergence maovements.
Thesevergencemovementsensurethat the target maintains
in the centerof the eld of view of both camerasThus,if a
target comescloser we turn the eyestoward eachother For
controlling the eye movementswe follow a similar approach
to the one presentedy Breazealet al. [3].

The camerasare one of the main sensorgo obtain infor-
mation aboutthe surroundingsof the robot. Furthermorewe
usethe stereosignal of two microphonego perform speech
recognitionaswell assoundsourcelocalization.

We animatethe mouth of the robot while it is speaking.
Basedon the ten senos for the mouth andthe eyebrows, we
arealsoableto animatedifferentfacial expressionsTo enrich
human-robointeractionandto expresshow the robotchanges
its mood,in thefuture,we planto applyatechniqueo change
its facial expression.

For the behaior control of our robot, we usea framework
developed by Behnle and Rojas [1] that supportsa hierar
chy of reactive behaiors. In this framework, behaiors are
arrangedn layersthat work on differenttime scales.

IV. DETECTING AND TRACKING PEOPLE

To sensepeoplein the ervironmentof our robot, we use
the datadelivered by the two camerasOur robot maintains
a probabilisticbelief aboutpeoplein its surroundinggo deal
with multiple personsappropriately To nd people,we rst
run a face detectorin the current pair of images. Then,
we apply a mechanismto associatethe detectionsto faces
alreadystoredin the belief and updateit accordingto these
obsenations.

Our facedetectionsystemis basedon the AdaBoostalgo-
rithm and usesa boostedcascadeof Haarlike features[15].
Eachfeatureis computedby the sum of all pixelsin rectan-
gular regions which can be computedvery efciently using



integral images.The idea is to detectthe relatve darkness
betweendifferentregionslike, for example,the region of the

eyes and the cheeks.Originally, this idea was developedby

Viola andJoneq?27] to reliably detectfaceswithout requiring

a skin color model. This methodworks quickly and yields

high detectionrates. However, since false classi cationsare

possible,we apply a probabilistictechniqueto deal with the

uncertaintyin the detectionprocess.

Maintaining a belief aboutfacesin the surroundingf the
robot over time is similar to the map building problemwith
noisy sensorsin mobile robotics. A classicalway to update
a belief upon sensoryinput is to apply a recursve Bayesian
schemelike the one proposedby Moravec and Elfes [18].
In our case,this updateschemedetermineghe probability of
the existenceof a face(i.e. of a person)given a sequencef
positive and/ornegative obsenations:

P(f jz14) =
1 P(jz)
P(fjz)

P(f)
1 P(f)

1 P(fjzix 1)
P(fjzut 1)

Here f denotesthe existenceof a face, z; is the obsera-
tion (face detected/notetected)at time t, and z;.; refersto
the obsenation sequenceip to time t.

As typically assumedn mobile robot mapbuilding, we set
the prior probability (hereP (f )) to 0.5. Therefore the second
termin the productin Eq. (1) becomed andcanbe neglected.
Further valuesthat have to be speci ed are the probability
P(f j z= det) thata faceexistsif it is detectedn theimage
andthe probability P(f j z = : det) thata faceexistsif it is
not detected.In our experiments,it turned out that adequate
valuesfor thoseparameterare0.9and0.2,respectiely. Using
the updaterule in Eq. (1), the probability of the existence
of a faceis increasedif positve obsenations occur and is
decreasedtherwise.

To track the position of a faceover time, we usea Kalman
Iter [11]. Applying sucha lter leadsto a smoothingof the
estimatedrajectories Eachfaceis trackedindependentlyand
its statevectorcontainsthe positionandthe velocities.Before
we can updatethe Kalman lters andthe probabilitiesof the
facesusing obsenations,we must rst solve the data asso-
ciation problem,i.e., we must determinewhich obsenation
correspondso which faceof our belief andwhich obsenation
belongsto a new face. Since we currently do not have a
mechanismto identify people,we use a distance-basedost
functionandapplythe Hungariarmethod[12] to determinehe
mappingfrom obsenationsto faces.The Hungarianmethod
is a generalmethodto determinethe optimal assignmenbf
jobs to machinesusing a given cost function in the context
of job-shopschedulingproblems.In our case,the Hungarian
method computesthe optimal assignmeniof detectedfaces
in the current cameraimagesto facesalready existing in
the belief, given a cost function that takes into accountthe
distancedetweennewn obsenationsand existing faces.Note
thatthe costfunctionwithin the Hungarianmethodcanalsobe
usedto integratea similarity measurebetweendifferentfaces.

1
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Fig. 3. Trackingthreefaceswith independenKalman lters. To solve the
dataassociatiorproblemwe apply the Hungarianmethod.

To accountfor the fact that an obsenation can belong
to a face not storedin the belief so far, we add “dummy
faces”to the input of the Hungarianmethod. Thesedummy
facesimply high costsand are thereforeonly chosenif an
obsenation cannotbe assignedo an alreadyexisting facein
the belief. If we have an obsenation that is assignedto a
dummy face, we initialize a new Kalman lter to track the
correspondingace. The updateformula in Eq. (1) is usedto
computethe probability whenerer an obsenation occurs. If
the probability of a facedropsbelow a certainthreshold,the
correspondingKalman lter is deleted.Either the face was
a false positive detection,or the personcorrespondingo the
facemoved away. To reducethe probability of falsepositive
detectionswe run the facedetectorin both images.The data
associatiorbetweenfacesin both imagesis alsosolved using
the Hungarianmethod.

In our experiments,we found out that our methodworks
reliably in sparselypopulatedernvironments However, it may
fail in crowded situations,also due to the lack of a face
recognitionsystem.Fig. 3 shows three snapshotsluring face
tracking using independentalman Iters and applying the
Hungarianmethodto solve the dataassociatiorproblem.As
indicatedby the differently coloredboxes,all facesaretracked
correctly

Sincethe eld of view of our robot is constraineddue to
the openingangleof the cameraswe also have to keeptrack
of peoplewhosefacescannotcurrently be obsered. In these
casesyve setthe velocitiesin the statevectorto zerosincewe
do not know how peoplemove whenthey are outsidethe eld
view. To computethe correspondingrobabilitiesof the people
outsidethe eld of view, we also usethe updateformulain
Eq. (1). In this case,we setP(f | z) in that equationto a
value closeto 0.5. This modelsthe fact that the probabilities
of peoplewho are assumedo be in the vicinity of the robot
but outsideits eld of view decreasenly slowly over time.
As explainedin SectionVI, the robot changests gazeinto
the direction of a personto checkwhetherit canbe detected
wheneer its uncertaintyexceedsa certainthreshold.

V. SPEECH PROCESSING AND DIALOGUE MANAGEMENT

For speechrecognition, we currently use a commercial
software [20]. This recognitionsoftware has the advantages
that it is spealer independentand yields high recognition
rateseven in noisy ervironments,which is essentialfor the
ervironmentsn which we deploy therobot. Thedisadwantage,
however, is thatno sentencgrammarcanbe speci ed. Instead,
a whole list of keywords/phraseshat should be recognized
needsto be de ned. For speechsynthesis,we use a freely
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Fig. 4. The nite statemachinethat modelstypical dialogueshetweenour

robotwhosetaskis to actasamuseumntourguideandvisitors. Statetransitions
occur when an utteranceis correctly recognizedor when no utteranceis

recognizedafter a certainperiod of time.

available system[26] that generatesynthesizedpeechbased
on stringsonline.

Our dialoguesystemis realizedas a nite statemachine.
Statetransitionsin this automatonoccur when an utterance
is correctly recognized,or when no utteranceis recognized
after a certain period of time. With each state, a different
list of keywords/phrasess associatedThis list is sentto the
speechrecognitionsystemwheneerthe stateof theautomaton
changesFig. 4 depictsthe basicstructureof the nite state
machineof our dialoguesystemfor the situationin which the
robot acts as a museumtour-guide. During sucha task, this
automatormodelstypical dialogueswith visitorsin amuseum.

Initially, the systemis in the state “small talk”. In this
state, the robot tries to attract visitors and to involve them
into a corversationthat consists of simple questionsand
answersWheneer a usershows interestin exhibits, the robot
changests internal state and explains the exhibits. Possible
coursef dialoguescanbe deducedrom Fig. 4. For different
taskscarried out by the robot, we apply different nite state
machinesto modela dialogue.

We alsoimplementeda techniquefor soundsourcelocaliza-
tion. We applythe Cross-Pwer SpectrumPhaseAnalysis[10]
to calculatethe spectralcorrelationmeasureC, (t; ) between
the left and the right microphonechannel:

L StwS (tw)
8 wiS (tw)j

Here § (t; w) and 8 (t; w) are the short-termpower spectra
of the left and right channeland &, (t; w) is the comple
conjugateﬂ (t; w) and$, (t; w) arecomputedhroughFourier
transforms,applied to windowed segments centeredaround
timet. FT ! denoteghe inverseFourier transform.
Assumingonly a single soundsource the agument that
maximizesCy, (t; ) yieldsthedelay betweertheleft andthe
right channelOnce is determinedtherelative anglebetween
the spealer and the microphonescan be calculated under
two assumptiond13]: 1. The spealer and the microphones
are at the sameheight, and 2. the distanceof the spealer
to the microphonesis larger than the distancebetweenthe
microphoneghemseles.In the experimentswe demonstrate
thatthis techniqueallows anaccuratdocalizationof a spealer.

Cr(t; ) = @)

This information canthenbe usedfor exampleto align the
microphoneswith the spealer, to apply beam-forming,or to
shift the attentionof the robot to the spealer.

V1. GAZE DIRECTION AND FOCUS OF ATTENTION

As explainedso far, our robot maintainsa belief aboutthe
positionsof facesas well as the correspondingorobabilities.
Additionally, it computedor eachpersonanimportancevalue
that currently dependson the distanceof the personto the
robot (estimatedusing the size of the boundingbox of its
face) and on its position relative to the front of the robot.
Peoplewho standdirectly in front of the robot have a high
importance.The sameappliesto peoplewho are closeto the
robot. The resultingimportancevalue is a weighted sum of
thosefactors.

The behaior systemcontrolsthe robotin sucha way that
it focusesits attention on the personwho has the highest
importance.Thus, the robot follows the movementsof the
correspondingface and looks the user in the eyes. If at
somepoint in time anotherpersonis consideredo be more
importantthan the previously most importantone, the robot
shifts its attentionto the other person.

Note that one can also consider further information to
determinethe importanceof a person.For example,we plan
to useour soundsourcelocalizationsystemin this context. As
a result, our robot shavs human-like behaior since humans
usually focus their attentionto people standingin front of
them,to peoplewho comevery close,or to peoplewho speak
to them.

Sincethe eld of view of the robot is constrained,t is
importantthatthe camerasnove from time to time to explore
the environmentto updateits belief about peoplewhich are
currently not in the eld of view. Thus, we additionally
implementeda behaior that forces the robot to regularly
changeits gazedirectionandto look in the directionof other
detectedacesnot only to the mostimportantone.Our ideais
thatthe robot shavs interestin multiple personsn its vicinity
sothatthey feel involvedinto the corversation.Like humans,
our robot doesnot stareat one corversationalpartnerall the
time.

Furthermorejf the robot getstoo uncertainaboutwhether
or not a persorwho is outsidethe eld of view is still there,it
shouldlook aroundto reduceits uncertainty The uncertainty
of a belief canbe determinedby the entropy. The entropy H
of a discreteposteriorp(x) is computedby

X

H(p(x)) = p(xi) logp(xi): 3)

Xj
Here x; are the possiblevaluesof a discretebelief. In our
case,Eq. (3) simplies to

H(p(f)) = p(f)logp(f) (1 p(f))log(l p(f)): (4)

The entrofy of a posterioris maximumin caseof a uniform
distribution, andis zeroin casethe robotis absolutelycertain
aboutthe existenceof a face.As soonas the entrofy in its
belief abouta personexceedsa certain threshold,the robot
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Fig. 5. Evolution of the probabilitiesof two people.While the robot is
interactingwith personl, it also shaws interestin person2 by establishing
shorteye-contactandupdatests belief at time steps22, 32, 40, and52. Note
that person2 is outsidethe eld of view while the robotis concentratingon
personl.

considersto perform an obsenation action and to look to
the predictedposition of the correspondingaceto reducethe

uncertainty

VIl. EXPERIMENTAL RESULTS

In order to evaluate our approachto control the gaze
direction of the robot andto determinethe personwho gets
thefocusof its attention we performedseveral experimentsn
our laboratory Furthermore we presentexperimentalresults
demonstratinghe accurag of our spealer localizationsystem.
Besidesthe experimentspresentedn this section,we provide
videosof our robot Alpha on our webpagé.

All  experiments were performed on a Pentium IV
with 2:8GHz. Using a cameraresolutionof 320 240 pixels,
the face detectionalgorithm detectsfacesin a distanceof
approximately30 200cm. To speedup the computationof
the image processingwe searchthe whole imagesfor faces
only twice in a secondln the time betweenwe only consider
regionsin the images.The sizesandlocationsof thesesearch
windows are determinedbasedon the predictedstatesof the
correspondingKalman lters. Dependingon the sizesof the
extractedsearchwindows, we operateat a rateof 15 25Hz.

A. SignalingAttentiveness

The rst experimentwas designedto demonstratdow the
robot establishesshort eye-contactto a personin order to
signal attentvenessThe evolution of the probabilitiesof two
peopleovertimeis depictedn Fig. 5. Whentherobotdetected
personl at time step4, it startedto interactwith it. After a
gazeto explore the ervironmentandto not stareinto the eyes
of personl all the time, the robot detectedperson2 (time
step22). Since person2 had a lower importancevalue than
personl, the robot continuedits corversationwith personl.
Thus, the probability of person2 decreasedn the following
time stepssinceit wasoutsidethe robot's eld of view again.
However, to involve person?2 into the corversationas well
the robot regularly looked to person2 and establishedshort
eye-contact.As can be seenfrom Fig. 5, at time steps32,
40, and 52 the robot looked to person2 and also updated
its belief correctly Note that we do not evaluatethe camera
imagesduring the rapid saccadedo avoid false positive or
negative detections.During a saccadethe belief therefore
staysconstantfor a shortperiod of time.

Lhttp://www.nimbro.net/media.html
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Fig. 6. Evolution of the probabilitiesof two people (left image) and the

correspondingmportancevalues(right image).In the beginning, the robotis

interactingwith personl. At time step22, after an exploring gaze,the robot

detectsperson2, which was outsideits eld of view before.Sinceperson2

hasa lower importancethe robot continuesconcentratingon personl. Thus,

person2 is outsideits eld of view again.After looking to person2 at time

step40, the robotshiftsits attentionto this personsincethe robotnoticedthat

it had comevery closeandis now consideredas more important. Whenthe

robot looks backto personl (time step53), the personcannotbe detected
arymore and the robot updatests belief accordingly

B. Shifting Attention

The following experimentwas designedto shov how the
robot shifts its attention from one personto anotherif it
considerghe secondoneto be moreimportant.Theleft image
of Fig. 6 shaws the evolution of the probabilities of two
peopleduringthis experiment.In the beginning, the robotwas
interactingwith personl. At time step22, therobotperformed
an exploring gaze.As canbe seenfrom the gure, the robot
detectedthe face of person2, which was outsideits eld of
view before. Since personl had a much higher importance
value (it was closer;seethe right imageof Fig. 6), the robot
continuedits dialoguewith personl. During the following
time steps,the probability of person2 decreasedecausdt
wasnot in the eld of view of the robot anymore. However,
therobotkeptperson2 in its belief. At time step40, therobot
decidedto look to person2 to reduceits uncertaintyabout
the presenceof this person.The robot detectedperson2 and
noticedthatit tried to attractthe robot's attentionby coming
much closer As a result, person2 got a higher importance
value than person1 and the robot shifted its attention to
person2. At the sametime, the probability of personl
decreasedinceit wasnotin the eld of view arymore.At time
step53, therobotlookedbackinto the directionof personl to
seewhetherit was still there.However, the personhad gone
andthe robot updatedits belief accordingly

C. Speakr Localization

In the last experiment,we demonstratedhe accurag of
our spealer localization. We calculatedthe short-termpower
spectraof the left and right microphonechannelwithin a
42:57ms window of a signal at 48kHz and performedfor
differentangles50 localizations.The groundtruth versusthe
estimatedangleis plotted in Fig. 7. The error barsindicate
the 0.95 con denceinterval. As canbe seen the localization
of the spealer in the vicinity of the robotis quite accurate.

VIIlI. CONCLUSIONS

In this paper we presentedan approachto enablea hu-
manoid robot to corversewith multiple persons.We use a
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Fig. 7. Groundtruth andestimatedangleof a spealkr (standingin a distance
of 1 m) determinedwith our soundsourcelocalizationtechnique.
probabilistic techniqueto update a belief about people in
its surroundingsbasedon vision data. The robot is able to
maintainestimationsaboutthe positionsof peopleevenif they
aretemporarilyoutsideits eld of view. Onthe onehand,this
technigueenablesthe robot to move its camerasto actively
searchfor peopleas soonasthe uncertaintyin its belief gets
too high. On the otherhand,we canapply anintelligent strat-
egy to changehefocusof attention,andin this way canattract
multiple personsand involve theminto a corversation.As a
result,we obtaina human-like interactionbehaior that shavs
attentvenessto multiple persons.In practical experiments,
we demonstratedur techniqueto reliably updatethe belief
of our robot and to control its gazedirection. Additionally,
we evaluatedour spealer localization systemwhich will be
integratedinto our attentionsystemas well.

In the nearfuture, we will combinethe headandthe body,
in orderto enablethe robot to perform human-like gestures
andmovementsFurthermorewe will presentherobotto the
public soonto seehow peopleinteractwith the systemandto
get new insightson how to improve the system.
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